[Excerpt] Regional inequality is of interest for a variety of reasons: planning development policies aimed at alleviating poverty and reducing personal inequality, gauging the degree of a country's labor market integration, understanding patterns of population movement in general and labor force migration in particular, predicting future urbanization, and characterizing the poor. Policymakers often aim development programs at particular target groups such as those living in certain regions of a country. In this paper we analyze the determinants of incomes and income inequality in one less developed country, Colombia, examining both personal and regional aspects. The results help clarify the potential of a development strategy emphasizing the poorest regions of the country.
Our specific objectives are to measure the relative importance of personal and regional effects on income variation in Colombia and to determine within relatively homogeneous segments of the labor force how place of residence is associated with personal income levels and dispersion. In Section II we explore income differences across a number of dimensions (education, sex, age, type of employment, and region) with particular reference to regional inequality. We then turn, in Section III, to more formal procedures (analysis of variance and regression) for systematically analyzing the relationship between income and age, education, type of employment, and region, and for quantifying these effects. The paper concludes with some implications of the empirical findings.
II. Income Variation in Colombia: Tabulations
The data for this paper are taken from the fourteenth Colombian Census of Population (October 1973). A 4% public use sample of 860,000 census returns was provided to us by the National Statistical Office (known by its Spanish acronym, DANE).
To determine income, the census asked: "What was your income in pesos last month?" Our concern in this paper is with the determinants of personal income and its correlates. Accordingly, children under the age of 10 and persons not in the labor force are not dealt with. After excluding nonincome recipients in the economically active population (e.g., unremunerated family workers) and nonrespondents, and also domestic servants who also receive much of their income in kind, we are left with a working sample of 141,841 employees and employers. Table 1 presents average incomes by various characteristics of the individual. The gross differentials (without cross-classification) are of the following orders of magnitude: eleven-to-one ratio between persons with higher education and persons with none; four-to-one between prime age workers and the very young; a 25% differential advantage for men over women; four-to-one ratio between the richest department and the poorest; three-to-one between urban workers and rural workers; and 60% more for employers and the self-employed than for wage and salary employees.
It is sometimes thought that gross income differentials, like those observed in table 1, arise from failure to standardize for other factors determining income. Regional inequality in particular is attributed by some to differences in the educational composition of various departments' labor forces. Were this view correct, a weighted average of incomes within educational categories would be more nearly equal across departments than the department averages.
Cross-tabulated data are shown in tables 2 and 3. Table 2 presents for the 23 departments of Colombia the sample estimates of average monthly incomes of men and women by four educational classes: no schooling, some or all primary schooling (1-5), some or all secondary schooling (6-11), and some or all higher education (12+). Employers and employees are treated here together. Beneath each entry in parentheses is the number of individuals on which the average income is based.
The average income differentials noted in table 1 remain in attenuated form in finer breakdowns. Income increases with education, not only in the country as a whole, but for men and women in every department. The same regularity exists in Venezuela,3 but in a few instances workers with no schooling receive higher incomes than those with some primary schooling, for example, in the Federal District of Caracas.
Another similarity between the two countries is that women's incomes are less than men's. Once again, this is true for each educational NoTE.-Number of individuals on which the average income is based is in parentheses. Colombia, like Venezuela, exhibits substantial variation in average incomes across regions. For Colombian males with no education, for example, the average income in the richest department (Bogota) is more than three times higher than in the poorest department (Choc6).4 Wide interregional differences are observed in all educational categories for both sexes. Interregional income variation by education group follows a common pattern in the two countries: (1) The absolute variance of incomes increases with education attainment, but (2) the variance of the logarithms of income and the coefficient of variation, which measure relative inequality independently of the mean, decline in both countries as educational level increases.5 Relative variation in regional incomes is thus greater for the least educated, possibly because skilled labor markets are closer to equilibrium due to greater mobility of the highly educated.6
Another important factor influencing income is age. Table 3 reports mean incomes for the Colombian sample of men broken down by ruralurban residence, age, and education for employees and employers.7 The age income profiles peak in the cross section at middle age. The systematic positive relationship between income and education is found for all age groups. As anticipated, employer incomes are somewhat higher than employee incomes given age, education, and rural-urban locations. The added returns to being an employer appear to grow systematically with age even though a growing fraction are becoming employers.
Rural and urban income differences remain pronounced in table 3 even within these cells. It is interesting that the absolute differentials appear to increase with education up through the secondary level. Note too the virtual absence of persons with higher education in rural areas. This may be because higher education is only offered in the cities or because migration to the cities is selective of the most highly qualified rural persons.8 The increase in the rural-urban income differential with 4 Somewhat surprisingly, for males with university education incomes are higher in two departments (C6sar and Valle) than in Bogota. We cannot tell whether this is because of greater relative scarcity of highly educated workers in those departments or because of measurement error. The gross income ratio between Bogota and Choc6 is four to one. The gross differential is greater than the within-educational category differential because Choc6 also has fewer highly educated people proportionately than does Bogota.
5 Except among the higher educated in Colombia. educational level and the lack of highly educated rural workers provide evidence that such a selective-migration process is going on in Colombia.
After standardizing for each of these variables singly and together in Colombia, income differences are still substantial within sex, education, employment status, and age cells across departments and particularly between rural and urban areas.9 These remaining regional income differences could arise from various sources, among them: (1) relevant characteristics of workers, such as their actual job experience or ability, are omitted; (2) money income differences could represent a form of compensating variation for regional price variations, income in kind, and amenity levels; (3) regional labor markets may be in disequilibrium, paying different real wages for similar services; and (4) errors in measurement in addition to purely random variability are impounded in the residual.
To summarize systematically the many comparisons of personal and regional income differentials, a statistical framework is useful. For this purpose, a linear model is adopted in Section III. 13 We utilize this similarity below to estimate the extent of interregional income inequality due to interdepartmental variation in education, age, and rural-urban population distribution.
III. Income Variation in
14 Women are excluded because they are thought more likely than men to work part time, which complicates interpretations of income variability. Also, for men, age may be a reasonable proxy for labor force experience, which is why age is included as an explanatory variable; for women, actual labor market experience may vary substantially even within a given age group. For comparative purposes, all statistical exercises were also performed on a corresponding sample of male employers (which also included independent workers). These results were substantially similar to those reported here for employees but are omitted to save space. See Gary S. Fields and T. Paul Schultz, "The Specification of an Income Function for Colombia" (unpublished paper, Yale University, 1978).
15 The smaller sample was used both to save on computational costs and to remain within the storage capacity of the Yale computer on some of the more complicated runs.
16 This transformation of income seems advisable for several reasons. For one thing, the statistical tests applied to ANOVA resolutions of variance are based on the assumption that the dependent variable is normally distributed. In Colombia, the log of income is quite nearly normally distributed, more so than is income itself. Furthermore, the log variance of income, as an index of inequality, is more sensitive to inequality associated with low incomes of the poor than are the variance and most other inequality measures. The relative importance of the various effects may be interpreted in either of two ways. First, there is the proportion of the variance in the logarithms of income directly explained by each set of explanatory categories. Second, the marginal F-ratio is shown, which deflates the explained variance by the number of categories considered and formally expresses the resulting reduction in standard error of estimate as a ratio to that anticipated from a random set of categories in a normally distributed population. For employees, education provides the most information in predicting personal incomes, in the sense of explaining between 12% and 19% of log variance. Its statistical significance is also greatest with F's in excess of 1,000. Next in importance according to the F-criterion is the one-way rural-urban distinction, accounting for from 1.6% to 3.1% of the log variance with an F of 400-800. Then, we have the seven age categories which account for 6% or 7% of the log variance in incomes and receive an F of around 300. Lowest in explanatory power is region (see table 5 ). The regional distinctions, though still highly significant by conventional standards with F's between 50 and 90, explain less than might have been antici- pated given the prominence accorded interregional variation in studies of income distribution in Colombia and elsewhere. The six regions account for only 1.4% of the log variance; the 11 labor market groupings of departments account for 3.7%, and the full 23 departments explain 4.3%. These values are much lower than the proportion of variance explained by education and age. In terms of the F-test, the 11-way grouping of departments appears the most significant. In all, slightly more than one-third of the variance of the logarithm of income is explained by these three or four sets of categories.
Exploring covariation among the explanatory variables, we find that the direct effect of age is not greatly influenced by the inclusion of various geographic distinctions, varying narrowly from 6.4% to 7.2% of the explained variance. Education, however, differs between rural and urban areas more than it does by department or region. When the rural-urban distinction is considered (ANOVA 1) the direct effect of education is 12.9%, but education's effect rises to 19.4% when only the six regions are included (ANOVA 2). On the other hand, the covariance effect falls from 11.5% to 4.5%, confirming the strong association between education, age, and the rural-urban categorization. Once the rural-urban distinction has been included, it is clear from comparing ANOVAs 1 and 5 that adding the 23 department categories increases the explanatory power of the model modestly, from .339 to .367. This is another indication of the minor importance of interregional variation in explaining overall inequality.17
Quantification of Personal and Regional Effects
In order to evaluate the magnitude of various categorical effects with and without standardizing for the effect of other variables, the main-effects model is estimated in equivalent regression form based on dummy variables. As in the ANOVA, the dependent variable is the logarithm of income. As independent variables, the rural-urban and department categories are used along with categorical data on education and age. The regression results are reported in table 6. Regression 1 considers the ruralurban distinction only. The coefficient on the rural dummy variable is -.981. This means that measured in logarithms urban workers receive 98% more income than rural workers.is Regression 2 includes only information on department of residence, expressed as deviations from Tolima; 17 When 77 two-way interaction effects are estimated without restrictions, the proportion of the variance explained increases from 0.35 to 0.39. The most significant interactions are between the rural-urban residence distinction and education/age/region, implying that further study should explicate the underlying differences between rural and urban income functions. This is confirmed in research in which the returns to schooling are found to be lower in rural than in urban areas (see Helena Jaramillo, "Determinants of Income Differentials after Migration in Colombia" [paper presented at meeting on Population and Development, Battelle, Seattle, June 1978]).
18 Recall that the average urban-rural income ratio is three to one. That was based on income as the dependent variable. The 98% differential observed here is based on the logarithm of income as the dependent variable. Equivalently, three to one is the ratio of ordinary arithmetic means and two to one is the ratio of geometric means. the regression coefficients on the department dummy variables imply that, for example, Bogota reports incomes 85% more than Tolima and Narifio 74% less. Regression 3 shows that when one holds constant whether the individual resides in an urban or rural area, these department dummy variable coefficients diminish in absolute magnitude; for example, Bogota becomes +.43 and Narifio -.66, but they do not disappear.
Age and education categories are included without regional variables in regression 4.19 The coefficients on the education categories show that employees with no education receive incomes 45% less than those with some primary, while employees with secondary education earn nearly twice as much (0.926) in the logarithms and employees with higher education earn nearly three times as much as those with a primary education (1.96). Workers aged 10-19 earn 63% less than workers aged 25-29. Incomes rise with age in the cross section, peaking between 35 and 55, at which age incomes tend to be some 25% higher than for those in the late twenties.
Regression 5 combines employee characteristics with geographic information. Because of covariation between these two sets of influences, the regression coefficients diminish in average absolute magnitude when combined. Comparing regressions 3 and 5 the rural-urban differential decreases from -0.80 to -0.44, a reduction of 45%. The average absolute value of the department dummies decreases by 50%. The age coefficients decrease on average by 9%, and the education coefficients on average by 18%.
These data provide the information needed to quantify the effect of compositional differences in interregional inequality in Colombia. By adjusting for age and education, the gross rural-urban income differential and the average interdepartmental differential are both reduced by about half. In other words, half the interregional differences in incomes in Colombia can be explained simply in terms of age and education. Still, much remains to be accounted for by, on the one hand, other aspects of workers' skills, job experience, and training and, on the other hand, by long-run factor market distortions and short run quasi-rents to workers in specific regional labor markets. However, from the small changes in the regression coefficients on the education and age variables, we conclude that the income differences across regions are not accounted for to a large extent by interregional differentials in rewards to education or experience.
Relative Importance of Interregional Inequality
Relatively how important are the personal and regional effects explaining income inequality in Colombia? The rural-urban distinction alone accounts for 14.5% of the log variance of income in Colombia; information on the 23 departments for 10.7%; and the two together, 18.5%. By comparison, 28.7% of the log variance of income is explained by 10 age and education variables. Taken together, the 23 rural-urban and department variables along with the 10 age and education variables explain 35.3% of the log variance.20 A standard F-ratio test would suggest the need to include regional effects as part of the explanation for income inequality in Colombia.21 However, the 23 regional variables decrease the standard error of estimate by only 5% (from 1.043 to 0.994). This is the other side of the analysis-of-variance findings that the regional variables contributed the least to explaining income inequality. We conclude that even in a country like Colombia, where interregional income disparities are pronounced, the importance of regional effects in total inequality is surprisingly small. Recognition of place of residence, 20 Half the variance in urban log income using a larger set of explanatory variables including education, experience, city of residence, and parents' education is explained by Gary S. while providing some information on income, may complicate the simple linear model of income determination without adding substantially to its predictive precision. Nonetheless, region may have a greater effect on income and income inequality for some education and age groups than for others. Regional effects within education and age groups are, therefore, investigated next.
Analysis of Variance within Education and Age Categories
It was noted in early tabulations that relative inequality measured either by the coefficient of variation or the variance of the logarithm of income is greater for the least educated (table 2) . Other tabulations, not published, indicate lower relative interregional variation in income and steeper ageincome profiles for the better educated. Thus we anticipate that as educational attainment increases region will be found to be of diminished importance relative to age in accounting for the long variance of income.
To determine the explanatory importance of regional differences in log incomes at different educational levels, the ANOVA model is reported in table 7 within education classes. The 11 regional groups of departments, the rural-urban distinction, and age are used as explanatory variables. The regional categories contribute more to explaining the variance in log incomes for male employees with primary education or less than for those with secondary or higher education. Age accounts for only 1.2% of the log variance of income for those with no schooling but 19.5% among the higher educated. The department groups directly account for 6% of the log variance with no education, but only 3% for the better educated. The rural-urban distinction is also more important for men with only some primary education than for those with secondary and higher education.22 Thus, as hypothesized, age is more important and region tends to be less important in accounting for inequality as we move to higher levels of education.
Turning to age effects, we might hypothesize that regional differences in incomes would be more notable among older employees, given that the propensity to move declines with age. To explore this question, we performed analyses of variance within age groups, examining the relative contribution of education and place of residence to explained sum of squares (table 8) . The results show that less than 6% of the log variance of incomes within age groups is associated with department groupings, declining somewhat to age 30-34 and rising thereafter. The rural-urban distinction accounts for 2%-5% after age 20. Educational categories, on the other hand, explain an increasing share of the log variance within age groups, from 3% at age 10-19 to 18% by age 30-34, and then diminishing to 12% within the oldest age group. Consequently, the relative importance of education vis-i-vis region increases sharply up to age 35, whereupon the ratio turns down. This is consistent with the age selectivity of migration in equilibrating labor markets, young workers moving at high rates to take advantage of interregional wage disparities but mobility diminishing beyond the midpoint of the life cycle.
IV. Summary and Conclusions
Working with a sample of 860,000 individuals from the 1973 Colombian Census of Population, we have sought to understand the determinants of income and income inequality. The data exhibit noticeable differences in mean income between men and women (25% more for men), between employees and employers (60% more for employers), across education categories (eleven to one between higher educated and none), across regions (four to one between the richest and poorest departments), between urban and rural workers (three to one), and by age (four to one between prime age workers and the very young). These differences arise both in the simple comparisons and in the finer cross-classifications by age, education, region, and urban-rural simultaneously. This led to one conclusion of this study; that interregional inequality is substantial in Colombia even for somewhat "homogeneous" classes of workers.
To interpret variation in income across this large number of groupings, a formal statistical framework is needed. For this purpose, a linear model in the form of analysis of variance (ANOVA) and multiple regression is employed, applied to logarithms of male employee income. The results of the ANOVA supported the hypotheses that education, age, region, and rural-urban variables contribute significantly in accounting for income inequality in Columbia. But their contributions are not equal. By standard statistical conventions, the four-way classification by educational attainment is much the more important, while the single urban-rural dichotomy is next in importance per degree of freedom used. Following these, the seven age categories are generally more significant statistically than the 6, 11, or 23 regional categories. We thus reached a second conclusion: to predict an individual's income, if you could ask only one question, knowing the individual's education would give a more accurate prediction than would either his age, region, or knowing whether he lived in an urban or rural area.
To quantify the various personal and regional effects, both singly and together, regression analysis was then used to compare effects on geometric means. When the several sets of variables were included in a single regression, the gross differentials were altered. In a regression where 24 regional effects were added to personal effects, the standard error of estimate was reduced by only 5%. This provides some justification for ignoring geographic information if a simple income determination model is of interest. Another regression result was that the structures of income differences across education and age groups do not differ greatly from one regional labor market in Colombia to another. Also, in the regressions, department of residence was found to account for 11% of income inequality (as measured by the log variance) and department and ruralurban location together for 19%. The regression results yielded a third conclusion: that most (greater than 80%) of income inequality in Colombia is within rather than between regions.
We next turned our attention to the patterns of income inequality for different education and age groups and the correlates of those patterns. A pattern of larger relative dispersion of incomes across regions for the less educated was found both in the tabulations and in the analysis of variance. Across education groups, region's explanatory power was greatest for the lower educational groups, diminishing at higher levels, and age gained in importance as education increased. Across age groups, education became increasingly important up to middle age; the main regional effects were found to be small and exhibited no pronounced trend. These results suggest that if regional labor markets in Colombia are not clearing because of institutional restrictions or inertia of potential migrants, this problem is most severe among the least-educated and among prime age workers. But even for these groups, most inequality is within rather than between regions. In other words, a fourth conclusion is that the weakness of regional factors in explaining income inequality in Colombia continues to be found even when the population is stratified to allow for larger regional effects for some education or age groups than for others.
Our research supports the view that regional effects help to explain income inequality in Colombia, but that these effects are quite limited. Both absolutely and relative to personal variables, region is a rather poor predictor of income. Hence, the importance given in past studies to interregional inequality in Colombia may have been somewhat overstated.
This conclusion has policy implications. Pronouncements of public policy in Colombia regularly stress the importance of improving the economic position of the poorer half of the population and reducing income inequality. Since incomes are known to be associated, among other things, with place of residence, some policymakers and advisors have called for allocating development resources to the poorer departments (e.g., Choc6) and to the rural areas to the exclusion of the richer departments (e.g., Bogota) and of the towns and cities. From our research, we can say that such a screening mechanism is too crude: it would help many nonpoor in low-income areas while automatically excluding large numbers of poor who reside in better-off locations.
However development is defined (whether in terms of aggregate growth, employment generation, inequality reduction, or alleviation of absolute poverty), it is unlikely to be achieved by using average incomes to divide the economy arbitrarily into "deserving" and "undeserving" regions, industries, or sectors. It is wrong to think that the poor are to be found in some segments of Colombia and not in others. To decide how to raise the income of the poor requires a model of those manipulable factors responsible for the level of personal incomes and hence for the degree of inequality. We have made a start by considering age, education, and geographic information as factors conditioning income. But to proceed to policy prescriptions requires more elaborate and realistic models of personal income formation than we have presented here. A promising direction for future research in accounting for income inequality, particularly in the rural sector among the self-employed, is to develop procedures to take account of the distribution of ownership of the nonlabor factors of production (land and capital).
